Abstract
Throughflow Decomposition

136
As comprehensive summaries of ENA methodology exist (Ulanowicz, 1986; Fath and Borrett, 2006; 137 Schramski et al., 2010), here we focus on the components of ENA necessary to calculate the central-
138
ity of species in ecosystem network models. We used the Network Environ Analysis Matlab function 139 (Fath and Borrett, 2006) to implement these analyses.
140
Let a network model with n nodes be represented by a matrix, F n×n = (f ij ), which defines the quantity 141 of energy-matter being transferred from node j to node i. The structural component of F is the adjacency 142 matrix, A = (a ij ), in which a 1 indicates a direct connection from j to i and 0 indicates none. Energy-143 matter entering the system at node i is denoted by z i , whereas energy-matter leaving the system at node j 144 is y j .
145
ENA uses this system data to determine several ecosystem properties. First, the total flow through a 146 node is defined as throughflow, which can be input T i = z i + n j=1 f ij or output T j = n i=1 f ij + y j oriented.
147
ENA typically assumes that the networks are at steady state (e.g., mass-balanced) so T i = T j . Second, we 148 calculate the direct flow intensity matrix G. We focus on the output oriented direct flow intensity matrix, 
N quantifies the intensity of output oriented throughflow from j to i over all pathways in the network. Since is a global measure of the total network activity or size of the system. Thus, the integral matrix shows 161 how T ST is generated by species in an ecological network and incorporates energy-matter flux over all 162 indirect pathways. Environ centrality is calculated from the integral flow matrix and quantifies the relative 163 importance of species in creating total system activity. 
Environ Centrality
165
Environ centrality is a measure based on the ENA output-oriented integral flow matrix, N. We introduce 166 three related environ centrality measures: input (EC in ), output (EC out ), and an average of the two (AEC). studies to demonstrate the distributions of these five centrality metrics in empirical network models (Fig. 3) .
219
We calculated all metrics using common formulations ( 
233
We considered ecosystems with a CV less than unity (1) to be low variance. To identify the dominant 234 species, we ranked species according to their AEC scores and calculated the CV for the entire community.
235
We then progressively removed the highest ranking species until the CV of the remaining community AEC 
250
As the integral matrix includes boundary, direct, and indirect flow intensities, it is possible that observed 251 homogenization could be caused by the boundary input as well as the indirect flows. To isolate the effect of 252 the indirect flows, we also compared the AEC direct to the AEC calculated on N − G 0 instead of N.
253
Homogenization of species importance was quantified by comparing the CV of AEC direct and the CV of 254 AEC. We created a ratio of the two, CV (AEC direct )/CV (AEC), such that when the ratio is greater than 255 unity (1) it indicates that the AEC is more evenly distributed than AEC direct . Ratio values greater than 256 unity indicate that indirect effects homogenize the importance of species in generating ecosystem activity. 
EC Sensitivity and Uniqueness
259
To establish the sensitivity of AEC to both intensive and extensive changes, we applied it to four realiza-
260
tions of the hypothetical ecosystem model shown in Fig. 2 . The AEC distributions for the realizations are
261
clearly different (Fig. 2D ). In the first realization, the detritus box was more important and the importance 262 of the primary producer was diminished. In the second realization in which the direct flow intensities were 263 reduced by 90%, the AEC values are much more similar. This is because the drop in flow intensities is 264 then transmitted through the longer pathways, effectively discounting them. However, there is no difference 265 between the AEV C centrality distributions between realization one and two, demonstrating that eigenvector 266 centrality is not sensitive to this extensive change.
267
Realizations three and four maintained the total magnitude of the network but have different distri- The comparison of the four centrality metrics to AEC in the Oyster reef and Chesapeake Bay ecosystem 
286
In both models, W I consistently placed primary producers and herbivores (i.e. filter feeders, phytoplankton,
287
and zooplankton) as species with the highest effect on others, yet these species ranked low in AEC. The
288
BC distribution was the most distinct centrality metric.
289
Average eigenvector centrality should be the most similar to average environ centrality because they are To generalize our analysis, we calculated the Spearman rank correlation between AEC and AEV C for 305 the 50 ecosystem network models (Table 2 ). These correlations ranged from 0.2 to 1 and had a median 306 value of 0.92. As we expected, this suggests that these two centrality measures are typically, but not always, 307 7 similar. Our case studies in Fig. 4 highlight how these small correlation differences can be ecologically 308 meaningful.
309
Dominance and Evenness
310
Rank AEC curves provide a tool to visualize the relative importance of species (Fig. 1) . The AEC 311 distribution of the Georges Bank illustrates the tendency for a few nodes to have high AEC with most 312 having relatively lower and even AEC values. AEC variation in the ecosystem models we analyzed was 313 generally low (Table 3) . Twelve of the models have a CV (AEC) less than 0.5 and 30 of the models have 314 a CV (AEC) between 0.5 and unity. However, eight of the models exhibit more variability with CV values 315 larger than unity. In the models with a CV larger than 0.5, no more than three dominant species had to be 316 removed before the CV of the remaining species fell below 0.5 (Table 3 ). The median number of dominants 317 was two. As expected, detritus and detrital recyclers are predominantly responsible for generating T ST in 318 most ecosystems, with water flagellates being the only non-detrital or bacterial species to rank as dominant
319
AEC contributors.
320
The second hypothesis was that sub-dominant species would have a more even distribution of importance.
321
In Fig. 1 , the first two species were considered dominant species and the CV score for the whole ecosystem 322 was 0.68. However, once the dominants were removed the CV score of the remaining species was 0.41 323 suggesting less variation in the importance of the remaining species. Table 3 identifies the CV value of 324 the entire community, as well as the community without the dominant species for all 50 ecosystem models.
325
After the dominant species were removed, the AEC scores were relatively even, with an average CV score of 326 0.38. This indicates that the standard deviation was only 38% the magnitude of the mean. All the networks 327 support our hypothesis that the importance of sub-dominant species would be relatively even. shows that this is a general trend as 49 of the 50 network models (98%) exhibited less variation in AEC 332 when indirect flows were considered. The EMS estuary was the only network to not meet our expectation. Our comparison of centrality metrics in Fig. 3 highlights the differences and similarities between these 372 five metrics. In the case of W D and W I, both metrics are calculated from the same matrix F, but differ by 
Betweenness Centrality † BC 2 j<k;i =j et al. (1998) † n is the number of nodes in the network model, C = L/n 2 is the model connectance when L is the number of direct links or energy-matter transfers, T ST = fij + zi is the total system throughflow, and F CI is the Finn Cycling Index (Finn, 1980) . Mirror Lake Lake Findley AEC Homogenization Figure 6 : CV ratios quantifying the homogenization of roles in AEC when compared to AEC direct . Bars surpassing the vertical line at 1 represent ecosystems which exhibit centrality homogenization from indirect effects.
